The virtual restoration of cultural relics by adopting computer technology is the trend of cultural relics protection and value mining. In order to solve the problem of large error in the existing matching methods of non-thin-walled cultural relic fragments, in this paper, a matching method of cultural relic fragments is proposed, when the thickness feature and the contour feature are combined, and the strategy of coarse matching followed by fine matching is adopted. Firstly, the broken contour of cultural relic fragments is extracted, and the upper and lower contour lines are identified; secondly, the thickness feature is calculated and the thickness histogram is constructed. After that, the initial matching of fragments is completed according to the similarity of the histogram. Thirdly, the fracture contour is segmented, and the fragments of the mismatching relationship in the initial matching are also eliminated by the modified Hausdorff distance to optimize the coarse matching results. Finally, the SVD method is adopted to solve the rigid body transformation parameters, and the ICP algorithm is employed to accurately align the fine matching. The experimental results show that with the method in this paper, excellent matching results have been obtained regarding the fragments of the Terracotta Warriors. Compared with matching methods of other cultural relic fragments, the accuracy and algorithm cost of this method are better.
I. INTRODUCTION
As precious relics left by human beings in the social activities of historical development, cultural relics directly reflect the important process of human culture and social development. With the advancement of computer technology and digital technology, the restoration and restoration of cultural relics have also entered the digital stage. The virtual restoration process of cultural relic fragments assisted by computer technology has significantly improved the efficiency of cultural relics restoration, and reduced the huge consumption of human, material and financial resources. Therefore, to avoid the secondary damage caused by the improper operation of The associate editor coordinating the review of this manuscript and approving it for publication was Yilun Shang . cultural relic fragments in the process of manual restoration is of the most importance.
According to the thickness information of cultural relics, virtual restoration technology can be roughly divided into thin-walled cultural relics restoration technology and nonthin-wall cultural relics restoration technology. For the matching of thin-walled cultural relic fragments, it is difficult to extract the geometric characteristics of the fracture surface as the matching clue because of the lack of fracture surface thickness information. Therefore, the matching idea concerning this kind of cultural relic fragments is mainly to extend the two-dimensional plane curve matching method, and determine the relationship between the fragments by extracting the contour curve of the fracture position of the fragments for similarity measurement. Many researchers have studied the matching of thin-walled cultural relic fragments [1] - [7] . In view of the problem of fragment matching regarding nonthin-walled cultural relics, as the fracture surface is featured with a certain thickness and contains rich geometric features, this kind of matching method mainly takes the feature of the fragment fracture surface as the matching clue. Papaioannou et al. [8] used the z-buffer method to define the scene and put the current fault area into it for projection transformation, so as to calculate the position error. By minimizing the error, the optimal matching was obtained. This method is applicable to the repair of sculpture, monuments and other large-scale broken models. Winkelbach et al. [9] adopted a random sampling method to extract feature points, calculate the normal and curvature of curves, and define the multi-layer constraint mechanism to further judge the similarity between curves for achieving matching. The algorithm is robust but time-consuming, and sensitive to noise. According to Huang et al. [10] , the graph cutting algorithm was employed to distinguish the fracture surfaces, and then calculate multi-scale integral invariants of vertices on the point cloud model, so as to extract feature points of the fault surface, and then forward search technology and surface consistency as constraints were used to achieve fragment matching. Barequet et al. [11] calculated the mean curvature and the normal vector of feature points, defined the mean curvature as the undirected component and the normal vector as the directed component, which constituted the feature component descriptor, searched all possible similar feature points on the corresponding surface based on the matching criteria, and finally adopted the voting machine system for optimal matching. Chen et al. [12] extracted the feature points of the fault surface and calculated the histogram on the adjacent surface for constructing the feature descriptors that can reflect the local surface information. Finally, the geometric hash method was used to complete the fragment matching. Based on the discrete distance field on the surface of the 3D model, Mavridis et al. [13] reduced the distance search cost of feature point matching, and finally realized the global optimization with the three-layer coarse-to-fine search strategy. Sagiroglu et al. [14] proposed a matching method based on surface texture features and geometric constraints. By relying on the continuity of the debris surface decoration information and adopting the technology of cultural relics restoration and texture synthesis, the texture features of the fracture parts were predicted, and then the similarity criterion of the corresponding boundary was set to transform 3D debris matching into 2D image matching. Itskovich and Tal [15] introduced the probability distribution theory in the process of surface segmentation and feature point pair search, fused the similarity of feature points and partial contour curves, and realized the matching of adjacent fragments. Li et al. [19] put forward a fault surface matching algorithm based on the concave convex region, when the fault surface was divided into multiple concave convex characteristic regions, along with defining the similar region pair, eliminating the pseudo region pair according to the distance principal direction constraint and calculating the transformation parameters of the similar region pair for rough matching. Then, the ICP algorithm was employed for fine matching. Lu [20] proposed a method of fragment matching for cultural relics based on the thickness feature. The fragments were grouped according to the thickness feature. The problem of finding fragment matching pair was transformed into the problem of the longest common subsequence matching to achieve rough matching. Finally, the ICP algorithm was involved for fine matching.
In summary, the most traditional cultural relic fragment matching method relies on the matching of fracture surfaces. For the fragments with serious fracture surface defects, if the fragment matching based on the fracture surface is adopted, the extracted fracture surface features can not accurately describe the fracture surface information of fragments, which will lead to a large error in the matching results of cultural relic fragments, or even cause wrong matching. The research object of this paper is the cultural relic fragment of the Terracotta Warriors, which belongs to the non-thin-walled cultural relic fragment, and its thickness can not be ignored. The thickness information of the two matching fragments at the fracture site must be similar. Therefore, this paper extracts the thickness features of cultural relic fragments for initial matching. In order to solve the problem that the matching accuracy is not high enough under a single feature constraint, the contour feature of the fragment fracture surface is introduced for constraint. Although the fractured part of cultural relics is defective, there are some sub contour curves matching each other. Based on the above ideas, to match the fragments of cultural relics, this paper proposes a method, which combines the thickness features and contour features of fragments for solving the problem of matching the fragments of cultural relics with serious fracture surface defects. The algorithm flow of this paper is shown in Figure 1 .
II. FRAGMENT FEATURE EXTRACTION A. CONTOUR FEATURE EXTRACTION OF THE FRAGMENT FRACTURE SURFACE 1) SURFACE SEGMENTATION AND FRACTURE SURFACE RECONGNITION
Surface segmentation refers to the division of model surface S into several surface areas S 1 , S 2 , · · · , S k , which meets the following relationships:
(2) S i ∩ S j = ∅, i, j = 1, 2, · · · , k, i = j.
In practical application, according to different characteristics evaluation functions, the idea of surface segmentation for the model also varies. The main methods are divided based on semantic division and geometric features division respectively. Generally, the most commonly used method for the surface segmentation of cultural relics relies on geometric features, including curvature, Euclidean distance and the normal vector. Considering using geometric features to segment the triangular mesh, the common methods mainly fell into two categories: (1) segmentation based on boundary lines. The main idea is to use the features of curvature change and normal vector difference to find the most violent change on the surface, get the boundary feature points, and further calculate the closed curves through curve fitting and other methods. These curves can divide the whole model into multiple disjoint areas, and then get the result of surface segmentation. These closed curves are the boundaries of the surface. (2) face-based segmentation. The main idea is that for adjacent triangles, if the geometric features are similar, they belong to the same surface and vice versa.
In this paper, the region growing method is used to segment the surface of the fragment model. Region growing method is the most common method based the surface segmentation. The main steps used in the segmentation of fragment surface are as follows:
Step1: Initialize queue Q and set V , and add all triangles in the model to V .
Step2: Select triangle t 0 from V as the seed, delete t 0 from V , queue t 0 into Q, and t 0 creates a new surface S k .
Step3: Take out the team head element t from Q, for all the adjacent triangles t i in t, if the following conditions are met:
m is the number of triangles in S k ; K (t i ) is the curvature of triangle t i ; ε 1 is a self-determined threshold; (3) − → n t i − − → n S k < ε 2 , where − → n t i is the normal vector of t i ; − → n S k is the average normal vector of all triangles in S k ; ε 2 is a self-determined threshold, and then it can be considered that t i and t belong to the same surface, and at this time, add t i to S k , delete t i from V , and put t i in queue Q.
Step4: Repeat step 2 until queue Q is empty.
Step5: Repeat steps 1 to 3 until set V is empty. That is, reselect the new seed for region growth until all triangles have been divided into a certain surface.
The core of adopting a region growing method is to select suitable thresholds ε 1 , ε 2 . In practical application, due to the influence of model precision, some small surfaces are often divided by region growing, and it is the result of oversegmentation. Regional merging can effectively alleviate the over-segmentation. The idea of the regional merging method is to calculate whether the common boundary line of two adjacent surfaces can be removed. First, removal probability is introduced:
.
where L(E i ) is the length of the common boundary E i ; Avg(θ i ) is the average dihedral angle of the common boundary E i ; k is a self-determined coefficient; P ij evaluates the probability of E i being removed related to E j . Assuming that there are n common boundaries E 1 , E 2 , · · · , E n between surface S 1 and adjacent surfaces, the removal probability P 12 , P 13 , · · · , P 1n , · · · , P n−1,n of each common boundary related to all other common boundaries of S 1 can be calculated. Record the boundary E max 1 corresponding to the maximum value and another surface S 2 , to which E max 1 belongs. Similarly, the boundary E max 2 with the highest removal probability in S 2 is calculated. If and only if E max 1 and E max 2 represent the same common boundary, the common boundary can be removed. After the region growing and region merging, the whole model surface S can be divided into several surfaces S 1 , S 2 , · · · , S k , which include the fracture surface and the non-fracture surface. Generally, as the fracture surface of ceramic relics is relatively rough, it can be used to classify the surface and identify the fracture surface.
For each surface S i , the PCA method is adopted to calculate the main plane and the normal vector, and each point p i in S i is projected to the main plane along the normal vector direction of the main plane, and the distance d i from point p i to the main plane is obtained. The following is variance computation:
where S 2 reflects the degree of fluctuation between the surface point set and the main plane, and it is used to measure the roughness of the surface. When the surface is rough, the variance is large. The fracture surface and the non-fracture surface can be distinguished by selecting an appropriate threshold. The results of surface segmentation and fracture surface recognition of cultural relic fragments are shown in Figure 2 .
2) CONTOUR EXTRACTION
As the cultural relics are featured with obvious characteristics of geometrical changes near the intersection line between the fracture surface and the outer surface, this paper uses the method of calculating the angle between two adjacent triangle method vectors to extract the fracture contour [16] . Ideally, the angle between the fracture surface and the outer surface is 90 • . However, in practice, the angle between the fracture surface and the outer surface is uncertain due to the human or natural damage of debris. For the judgment of the angle between the normal vectors of adjacent triangles, a threshold range is generally set to select the set of feature points and construct the contour curve. The specific steps of the algorithm are shown below:
Step1: Set the contour storage chain list, calculate the angle between the normal vectors of the adjacent triangles corresponding to the adjacent edges of all points in the input point set, and sort from large to small.
Step2: Set the threshold value, and add the point whose normal vector angle is greater than the threshold value to the undetermined adjacent point set.
Step3: The normal angle between adjacent triangles corresponding to the adjacent edge of P i is calculated by selecting point P i from the set of undetermined adjacent points. If the normal vector angle value is greater than the threshold value, the edge is added to the candidate edge set as a candidate edge; otherwise, the next point is selected.
Step4: The set of candidate edges is traversed, and the common point of the edge of the common point is selected as the seed point.
Step5: The normal angle between adjacent triangles concerning the adjacent edge of the seed point is calculated.
Step6: If the angle between normal vectors is greater than the threshold value, add the edge to the contour list and turn to Step7; otherwise, turn to Step4.
Step7: Determine whether another point that forms the current edge with the seed point is a seed point. If it is a seed point, the algorithm ends; if not, take this point as the next seed point, and turn to Step5.
By connecting all the edges stored in the contour list, the fracture surface contour of the artifact fragments can be obtained.
3) CALCULATE CURVATURE AND TORSION OF THE CONTOUR
The contour of the fracture surface extracted in Section 2.1.2 is a discrete curve, so that the extracted fracture profile is fitted to a smooth curve using a B-spline curve, and then the first derivative and the second derivative of the smooth curve are calculated separately. Thereby, the curvature and torsion of the contour are calculated. The B-spline curve is defined as follows:
Given m = n+k +1 vertices and the k-th parametric curve of the n+1 segment, the B-spline function of the i-th segment is defined as
where l = 0, 1, . . . , k, i = 0, 1, . . . , n; N l,k (t) is the base function of the B-spline; p i+l is the k + 1 vertex of the characteristics polygon on the i-th segment curve. The formula of N l,k (t) is,
As five boundary points are used to realize contour curve fitting, the quartic B-spline curve is depicted, i.e. k = 4; l = 0, 1, 2, 3, 4, and the base function is
where the matrix expression of the B-spline curve in the i-th segment is
For any boundary point p i , select p i−2 , p i−1 and p i+1 , p i+2 , which are two adjacent boundary points before and after p i , and use the quadric B-spline curve to fit the boundary points p i−2 , p i−1 , p i and p i+1 , p i+2 to get the fitting curve.
If the fitted curve is
. Then, the curvature k(t) and the torsion τ (t) can be calculated by formula (11) and formula (12) .
where
B. FEATURE EXTRATION OF FRAGMENT THICKNESS
Fragment thickness refers to the distance between the contour lines concerning the upper and lower fracture surfaces of cultural relics. First, the extracted contour discrete point set
where n is the number of discrete points. After the contour projection point set S' is obtained, the extracted contour line is identified by the upper and lower contour lines, and a discrete point set of the upper and lower contour lines is obtained. Besides, the thickness feature of the cultural relic fragment is calculated based on the discrete point set.
1) UPPER AND LOWER CONTOUR RECOGNITION
In the contour, the upper contour and the lower contour belong to the upper surface and the lower surface of the model respectively. If a random coordinate point in the contour point set is taken as the starting point, and it moves in a direction, it will eventually return to the starting point, and pass through the upper contour line and the lower contour line. The difference is that when passing through the upper contour line and the lower contour line, the direction of advance is just opposite, as shown in Figure 3 . According to this feature, in this paper, a method of upper and lower contour recognition is put forward based on the direction of discrete points.
Let the projection point set of the fracture surface outline be S = {p 1 , p 2 , . . . , p n }, and point p i+1 be the adjacency point of point p i along one direction. When randomly selecting the discrete point p i (x i , y i ) as the starting point and defining the relative direction between p i and its adjacent point p i+1 (x i+1 , y i+1 ) as T (p i , p i+1 ), then we can calculate T (p i , p i+1 ) by formula (13):
4, others.
where a tan() ∈ [0, 2π ) is the angle between the twodimensional vector − → p = (x, y) and the positive direction of x-axis.
The meaning of T (p i , p i+1 ) is to establish a Cartesian coordinate system with point p i as the origin, place adjacent point p i+1 in the coordinate system, calculate the area of point p i+1 in the Cartesian coordinate system, and obtain the direction of point p i+1 relevant to point p i , as shown in Figure 4 .
Then, repeat the above calculation with p i+1 as the starting point again, and record the relative direction T of each discrete point until it returns to the starting point. Then, all points p 1 , p 2 , · · · , p n in the discrete point set S are divided according to the relative direction of the records: S = {S 1i , S i+1,j ,· · ·, S k+1,n } = {{p 1 ,· · ·, p i }, {p i+1 ,· · ·, p j },· · ·, {p k+1 ,· · ·, p n }}. (14) The following conditions must also be met:
(
According to the above method, the contour is divided into several areas. In the same region, the relative direction of adjacent discrete points is the same. The result of the contour division is shown in Figure 5 .
When the contour area is divided according to the above method, there may be over division. Therefore, in the partition result set, if three adjacent regions S ij , S j+1,k , S k+1,m meet the following conditions, they can be combined into one region S im :
where N (S) is the number of discrete points in the region point set S, and ε is the given threshold. In the combined regional result set, each point set is the divided outline, and the two point sets S max 1 and S max 2 with the most points are the discrete point sets of the upper and lower contour lines.
2) CALCULUTED THICKNESS
Assume that the upper and lower contour point sets are S 1 and S 2 , respectively, and the number of points is N 1 , N 2 , and N 1 ≤ N 2 . The slice interval for calculating thickness is d, that is to say, one thickness feature is calculated every d coordinate points. It can be concluded that the thickness feature finally calculated is an N -tuple, where N = N 1 /d . When N 1 = N 2 , or d = 1, S 1 and S 2 need to be adjusted so that they have the same number of points N , the scaling of S 1 is K 1 = N 1 /N , and the scaling of S 2 is K 2 = N 2 /N . Suppose point set S 1 contains p 1 (x 1 , y 1 ),· · ·, p N 1 (x N 1 , y N 1 ), and the adjusted point set S 1 contains p 1 (x 1 , y 1 ),· · ·, p N 1 (x N 1 , y N 1 ), then the adjusted coordinate point p i can be obtained by calculating the average value of K 1 adjacent original coordinate points, namely:
In the same way, S 2 can be calculated from S 2 . The thickness feature W is an N -tuple, when W = (w 1 , w 2 , · · · , w i , . . . , w N ), and w i can be calculated by formula (17):
where (x 1 i , y 1 i ) is the coordinate of the i-th point in point set S 1 ; (x 2 i , y 2 i ) is the coordinate of the i-th point in point set S 2 . Finally, the thickness characteristics possessed by the fracture surface of the fragments can be calculated.
III. COARSE MATCHING OF FRAGMENTS A. MATCHING BASED ON THICKNESS HISTOGRAM
After calculating the thickness characteristics of the fragment model, an N -tuple is obtained. The thickness information of each fragment is different, so is its N value. The thickness histogram is an M -dimension vector, and dimension M has no direct relationship with fragment size and N value. When constructing the thickness histogram, we should normalize the scale and transform the thickness feature into the thickness histogram. The method steps are as follows:
Step1: Divide M −1 thickness thresholds ε 1 , ε 2 , · · · , ε M −1 according to the given threshold distance, and define an evaluation standard F(w):
where the threshold distance length is defined as the average value of multiple thicknesses 1 M , and w is the thickness value of fragments.
Step2: For the thickness feature N tuples (w 1 , w 2 , · · · ,w N ) of fragments, the number of F(w) = 1, 2, · · · , M occurrences is counted and recorded as C 1 , C 2 , · · · , C M respectively.
Step3: The thickness histogram H = (C 1 , C 2 , · · · , C M ) of the fragment is constructed.
Step4: Repeat Step1∼Step3 for all fragments to be matched, and obtain the thickness histogram. H 1 , H 2 , · · · , H n , n is the number of fragments to be matched.
In this paper, chi square similarity is used to evaluate the similarity of the thickness histogram. For two histograms H 1 = (C 1 , C 2 , · · · , C M ) and H 2 = (D 1 , D 2 , · · · , D M ), chisquare similarity can be calculated by formula (19):
where χ 2 (H 1 , H 2 ) ∈ [0, 2]. If the two histograms are identical, χ 2 (H 1 , H 2 ) = 0; if the two histograms are completely different, χ 2 (H 1 , H 2 ) = 2. The closer χ 2 (H 1 , H 2 ) is to 0, the higher the similarity of the histogram is. Therefore, when set the threshold ε 0 > 0, for the fragment model M 1 to be matched, its corresponding thickness histogram is H 1 . If the thickness histogram H i corresponding to model M i satisfies the requirement of χ 2 (H 1 , H i ) < ε 0 , then the two fragments are the initial matching fragment, and fragment model M 1 and model M i are added to the initial matching set R.
B. MATCHING OPTIMIZATION BASED ON CONTOUR FEATURES
Due to the defect regarding the broken part of the cultural relic fragment, the fracture curve between the two fragments with the matching relationship will not match completely, and there may be mismatching. If the contour lines of the two fragment models have matched sub curve segments, the two fragment models are matched correctly. If there is no matching sub curve segment, it is a mismatch, and the two corresponding models should be removed from the matching relationship set. In order to obtain more accurate matching results, we introduce the contour of the fracture surface to constrain and optimize the rough matching results.
To judge whether there is a sub matching curve in the contour curve, first of all, it is necessary to segment the contour curve. In this paper, corner points are employed to segment the curve, and they are defined as: for any boundary point of the curve, the vertices in its first-order neighborhood are distributed in three or more surfaces, and the boundary point is the corner.
Suppose the contour lines of the fracture surface of the three-dimensional models M 1 and M 2 initially matched are L 1 and L 2 , and the sub contour curve lines corresponding to the two contour lines are l 1i and l 2j , i = 1, . . . , n 1 , j = 1, . . . , n 2 , n 1 and n 2 are the segments of the contour curves L 1 and L 2 respectively. If l 1i has m 1 vertices, and l 2j has m 2 vertices, curvature k i and torsion τ i of any point p i on the two curves can be obtained by the method of cumulative chord length. The feature strings of this point can be expressed as (k i , τ i ), and then the feature strings of l 1i and l 2j are
, τ m 2 l 2j )} respectively. For any sub contour curve l 1i of contour line L 1 , if there is a matching sub contour curve l 2j in contour line L 2 , there is a matching relationship between the two debris model contour curves. The distance between the vertex p k 1i on the sub contour curve l 1i and the vertex p l 2j on the sub contour curve l 2j is defined as
Hausdorff distance of curve length information and variance information is introduced between l 1i and l 2j to measure the similarity between the two contour lines, and it also reflects the maximum mismatch between two sets. The smaller the distance is, the greater the similarity of the two sets is. The specific calculation is shown below:
where N 1 and N 2 are the number of vertices of sub contour curves l 1i and l 2j respectively; k is the variance information weighting coefficient, which represents the proportion of the vertex distribution in the sub contour lines. N = |N 1 − N 2 | is the difference between the number of vertices concerning the sub contour curves l 1i and l 2j , and it is used to measure the difference between the lengths of the two sub contour curves. t is the weighted coefficient of length difference, which represents the weight of length difference in Hausdorff distance. The average H distance is calculated in equations (21) and (22), which represent the average value of the minimum distance of the vertex in the sub-contour curve l 1i to the vertex in the sub-contour curve l 2j and the average value of the minimum distance of the vertex in the sub-contour curve l 2j to the vertex in the sub-contour curve l 1i respectively. The standard deviation of the minimum distance from the vertex in the sub contour curve l 1i to the vertex in the sub contour curve l 2j and that of the minimum distance from the vertex in the sub contour curve l 2j to the vertex in the sub contour curve l 1i are as follows:
Compared with the traditional Hausdorff distance, the improved Hausdorff distance uses the average minimum distance between the contour points, and introduces the variance information of the vertex distribution and the length information of the curve to describe the contour curve more accurately. Generally, H (l 1i , l 2j , k, t) and H (l 2j , l 1i , k, t) are not equal. In order to reduce the influence of noise, let
Given the threshold value σ 0 , if H (l 1i , l 2j , k, t) < σ 0 , it can be considered that the sub contour curves l 1i and l 2j are matched. It is assumed that the contour lines of the fracture surface corresponding to M 1 and M 2 are L 1 and L 2 respectively. For any sub contour curve l 1i on contour line L 1 , if there is a matching sub contour curve l 2j in contour line L 2 , then fragment models M 1 and M 2 are matched correctly, or otherwise they are mismatched. In addition, the m points with the largest curvature and torsion are found as the feature points on the sub contour curve l 1i , and they are set as p k 1i , m < N 1 , m < N 2 and k < m, while point p l 2j satisfying p k 1i − p l 2j < σ 1 is found on the sub contour curve l 2j , which can form a one-toone matching point set, where σ 1 is the given threshold.
IV. FINE MATCHING OF FRAGMENTS
After the thickness feature and the contour feature are constrained, matching models M 1 and M 2 are obtained. In this paper, the singular value decomposition method [17] is adopted to solve the rigid body transformation parameters. Let the matching sub contour curves in M 1 and M 2 be l 1i and l 2j respectively, and the corresponding point pairs be
is the point on l 1i sub contour curve and p k 2j is the point on l 2j sub contour curve. The singular value decomposition method is used to calculate the rotation matrix and the translation vector of l 1i and l 2j . The steps are shown below:
Step1: The centroids p 1i and p 2j of point sets l 1i = {p 1 1i , p 2 1i , . . . , p m 1i } and l 2j = {p 1 2j , p 2 2j , . . . , p m 2j } are calculated respectively,
Step2: Calculate the distance between the points in point sets l 1i and l 2j related to centroids p 1i and p 2j , when p 1i = p k 1i −p 1i , p 2j = p k 2j − p 2j ; then the registration objective function is
Step3: The covariance matrix H = N i=1 p i q i T is obtained from F, and the singular value decomposition H = U V T is performed on H .
Step4: Calculate rotation matrix R and translation vector T , when R = VU T , T = p i − Rq i .
After getting the initial position of the adjacent fragments, the iterative closest point algorithm is employed to align the fragments accurately to achieve the correct matching of fragments. The ICP algorithm [18] is a classical surface precise matching algorithm, which is mainly divided into two parts: closest point iteration and rigid body transformation. Its essence is to use the least square iteration to calculate the rotation translation matrix R and T between two data sets to be matched, until it meets the optimal matching under some measurement criteria.
If the source fragment data point set is L P : {P i , i = 1, 2, ...N P }, and the target fragment data point set is L Q : {Q i , i = 1, 2, ...N Q }, then find the nearest point {P i k , i = 1, 2, . . . , N p } corresponding to the target data set in the source data set, so as to calculate the rigid body transformation parameters. The algorithm does not end. Repeat the above process, and calculate the average distance between all elements in the two data point sets. When the average distance is less than the given threshold τ , the algorithm ends. The specific steps are as follows:
Step1: L P : {P i , i = 1, 2, ...N P } represents the data set of the source fragment and L Q : {Q i , i = 1, 2, ...N Q } refers to the data set of the target fragment.
Step2: Find the nearest point set {P i k , i = 1, 2, . . . , N p } corresponding to L Q in L P , making Q i − P i k = min. Step3: The rotation matrix R and the translation vector T are calculated to satisfy
Step4:
is calculated; when d k+1 < τ , the algorithm ends. Otherwise, Step2 ∼ Step4 are iterated until the termination condition d k+1 < τ is satisfied. This section takes τ = 2mm.
V. EXPERIMENTAL RESULTS AND ANALYSIS
This algorithm is implemented in the environment of Intel Core i7 3.41GHz CPU, 8G memory PC, Visual Studio 2015 software using C + + language and OpenGL library. The data of cultural relics adopted in the experiment is from some pieces of the Terracotta Warriors unearthed in No.1 pit of the tomb where the first emperor of the Qin Dynasty was buried. All the pieces are scanned by the ARTEC EVA 3D scanner, and preprocessed by denoising and simplification.
A. CONTOUR EXTRACTION RESULTS
In the stage of fragment feature extraction, we extract the contour concerning the fracture surface of cultural relic fragments, and it is mainly used for thickness feature calculation and contour feature calculation. Figure 6 shows the contour extraction process of the Terracotta Warriors fragments G1-III-1 (left) and G1-V-4 (right). Figure 7 shows the calculation process of the thickness histogram concerning some cultural relics. After the upper and lower contour lines of the debris are extracted, the thickness can be calculated according to the method described in Section 2.2.2. In this paper, a histogram is depicted to visually represent the thickness histogram. Figure 7 (a) and Figure 7 (b) are the original models of fragment G1-I-11 and fragment G1-I-19, respectively. Figure 7 (c) shows the thickness characteristics of fragment G1-I-11 when d = 10, and 58 characteristic values are calculated. Figure 7 (d) shows the thickness characteristics of fragment G1-I-19 when d = 10, and 58 characteristic values are calculated. Figure 7 (e) and Figure 7 (f) are thickness histograms of fragment G1-I-11 and fragment G1-I-19, accordingly. It can be seen from Figure 7 that the identified thickness features basically accurately reflect the thickness of the fracture surface of the terracotta fragments.
C. FRAGMENT MATCHING RESULTS
In this paper, two groups of fragments belonging to the Terracotta Warriors with clear surface texture and defects of the fracture site are selected as experimental data. The first group is part of G2-I, and the second group is part of G3-III. Both groups of fragments are matched by the algorithm in this paper, and the matching results are shown in Figure 8 and Figure 9 . Figure 8 shows the result of matching the fragments of G2-I with the algorithm of this paper. From the virtual splicing, it can be seen that the matched fragments have continuous information and smooth surface transition, that is to say, they have a better matching effect. Figure 9 shows the result of matching the fragments of G3-III with the algorithm of this paper. From the virtual matching results in Figure 9 (d) , it can be seen that there is no obvious infiltration and overlap between the pieces after splicing, and the surface cultural relic structure is continuous without dislocation. Therefore, this algorithm can achieve better matching results for nonthin-walled cultural relics. In addition, a group of man pottery fragments are selected as the experimental data. The surface decoration of the man pottery fragments is clear, and the integrity is in a good state. The virtual matching results using this algorithm are shown in Figure 10 . After the virtual matching, there is no matching gap between the front and the back of the pottery of man. Besides, the surface is continuous, and there is no overlap. Therefore, the algorithm in this paper can achieve better matching results for the fragments of non-thin-walled complete terracotta warriors. 
D. COMPARATIVE EXPERIMENT OF DIFFERENT METHODS
In order to verify the superiority of the algorithm in this paper, we select some fragments of Terracotta Warriors G4-I and G4-II, and adopt the method of fracture surface matching based on the concave-convex region in reference [19] and the method of cultural relic fragment matching based on the thickness feature in reference [20] to match the fragments. For some fragments of Terracotta Warriors G4-I, the method in literature [19] and the algorithm in this paper are employed for matching, and the results are shown in Figure 11 , which also shows the matching result of the method in Ref. [19] . It can be seen from the part marked by the rectangular frame that the matching result of the method in Ref. [19] appears to be misaligned. In reference [19] , the matching method based on the fracture surface is adopted, and the concave convex complementarity concerning the fracture surface of the cultural relic fragments is used as the basis for judging the matching. However, the fracture FIGURE 11. Comparison of the matching results between the methods in [19] and in this paper. (a) Literature [19] method, (b) Method of this paper.
surface of this group of fragments is featured with a large degree of geometric feature loss, and it is unable to extract the features that accurately describe the fracture information, resulting in the dislocation phenomenon. As can be seen from Figure 11 (b) , the method in this paper involves two layers of constraints, thickness and contour features, to achieve accurate matching of fragments.
For some fragments of G4-II Terracotta Warriors, the methods in reference [20] and in this paper are used for matching, and the results are shown in Figure 12 , since it (a) is the matching result of the method in reference [20] . From the part marked by the rectangular box, it can be found that the method in reference [20] has a penetration phenomenon, and the fragments are not matched correctly. The method in reference [20] uses a single thickness feature to match, only considering the thickness feature constraints to match fragments, without other feature constraints of cultural relics fragments. Fragments are prone to reverse the splicing position, and it is difficult to get the satisfactory matching effect. As can be seen from Figure 12 (b) , with the algorithm in this paper, the accurate matching of fragments is realized. Based on the matching of thickness features, the contour feature constraint is introduced to optimize the matching, which effectively solves the problem of penetration and dislocation matching.
In this paper, the average distance between the corresponding points of the matched fragments is taken as the error measure, and the performance of the methods in literature [19] , literature [20] and this paper are compared and analyzed respectively. The performance comparison results are shown in Table 1 . As can be seen from Table 1 , compared with the method in reference [19] , the matching accuracy of this method is enhanced by about 24%, and the algorithm time consumption is reduced by about 16%. As this method reduces the time of feature point extraction, in the matching stage, it fails to match the whole contour line, but matches the sub contour curve. Compared with the method in reference [20] , the matching accuracy of this method is improved by about 21%, and the algorithm time-consuming is increased by 1.08s because the method in this paper adds contour constraints on the basis of thickness features and increases time operation, but the matching accuracy significantly increases.
VI. CONCLUSION
In this paper, a matching method based on the thickness feature and the contour feature is proposed. Firstly, the contour of the fracture surface is extracted by calculating the angle between two adjacent triangle method vectors, and the upper and lower contour lines are identified. Furthermore, the thickness feature is calculated and transformed into the thickness histogram, and the initial matching is carried out according to the similarity of the histogram. Then, the contour is segmented to construct the geometric feature string of the sub contour curve, and the modified Hausdorff distance is employed to determine whether there is a matching sub contour curve in the initial matching fragment model, so as to optimize the initial matching results. Finally, the SVD method is adopted to solve the transformation parameters of the rigid body. After getting the initial position of adjacent fragments, the ICP algorithm is employed to realize the fine registration of fragments. Compared with the traditional matching method, the matching performance of this method is better, and the efficiency and accuracy of cultural relic fragment matching are effectively improved.
The main contributions of this paper are as follows: (1) For the non thin-walled cultural relic fragments, the thickness feature of the fragments is used in the matching process for the first time, and good matching results are obtained; (2) It combines multiple features of the fracture surface of cultural relic fragments and overcomes the problem of low matching accuracy caused by using single feature constraint in the existing methods; (3)In the case of the defect of the broken part of the Cultural Relic Fragment, the contour of the fracture surface is segmented, and some sub contour lines are used to match, so as to optimize the matching results.
In this paper, when extracting thickness features, the upper and lower contour recognition method proposed is more suitable for common cultural relics fragments. If we encounter irregular and complex pieces of cultural relics, this method may not achieve good results. In addition, the matching problem of cultural relic fragments requires high precision.
Although compared with the comparison method, the accuracy of this paper is better, there is still room for improvement. Therefore, for irregular and complex artifacts, effectively extracting thickness features for matching will be the focus of our next work.
